Motivation: We have proposed a mixture model based approach to the concordant integrative analysis of multiple large-scale two-sample expression datasets. Since the mixture model is based on the transformed differential expression test P-values (z-scores), it is generally applicable to the expression data generated by either microarray or RNA-seq platforms. The mixture model is simple with three normal distribution components for each dataset to represent down-regulation, up-regulation and no differential expression. However, when the number of datasets increases, the model parameter space increases exponentially due to the component combination from different datasets. Results: In this study, motivated by the well-known generalized estimating equations (GEEs) for longitudinal data analysis, we focus on the concordant components and assume that the proportions of non-concordant components follow a special structure. We discuss the exchangeable, multiset coefficient and autoregressive structures for model reduction, and their related expectation-maximization (EM) algorithms. Then, the parameter space is linear with the number of datasets. In our previous study, we have applied the general mixture model to three microarray datasets for lung cancer studies. We show that more gene sets (or pathways) can be detected by the reduced mixture model with the exchangeable structure. Furthermore, we show that more genes can also be detected by the reduced model. The Cancer Genome Atlas (TCGA) data have been increasingly collected. The advantage of incorporating the concordance feature has also been clearly demonstrated based on TCGA RNA sequencing data for studying two closely related types of cancer.
Introduction
Microarray and RNA-seq technologies have been widely used in biomedical studies (Lockhart et al., 1996; Nagalakshmi et al., 2008; Schena et al., 1995; The Cancer Genome Atlas Network, 2008; Wilhelm et al., 2008) . Since the collection of large-scale gene expression data, many datasets have been made available to understand different diseases (Edgar and Barrett, 2006) . Differential expression analysis has been widely conducted to identify disease-related genes Original Paper (Storey and Tibshirani, 2003) and gene set enrichment analysis (GSEA) has been widely conducted to identify disease-related pathways or gene sets (Mootha et al., 2003; Subramanian et al., 2005) . Multiple two-sample datasets have also been collected to understand some important diseases. For example, three large-scale two-sample expression datasets have been collected to understand the disease mechanisms of lung cancer (Beer et al., 2002; Bhattacharjee et al., 2001; Garber et al., 2001) . We expect to achieve more efficient analysis results if an integrative analysis of these datasets can be conducted (Choi et al., 2003 Chen et al., 2013 de Magalhaes et al. 2009; Shen and Tseng, 2010; Tanner and Agarwal, 2008) . Genes may show different behaviors among different datasets due to disease heterogeneity. Furthermore, there is usually a considerable amount of noise in large-scale gene expression data. Therefore, it is interesting to identify genes and pathways (or gene sets) with concordant behaviors among different datasets (Subramanian et al., 2005) . We have proposed a mixture model based approach to the concordant integrative analysis of multiple large-scale two-sample expression datasets (Lai et al., 2009 (Lai et al., , 2014 . Since the mixture model is based on the transformed differential expression test P-values (z-scores), it is generally applicable to the expression data generated by different platforms (e.g. microarray and RNA-seq). The mixture model is simple with three normal distribution components for each dataset to represent down-regulation, up-regulation and no differential expression. However, when the number of datasets increases, the model parameter space increases exponentially due to the component combination from different datasets.
This study is a statistical methodological development based on our previous work (Lai et al., 2007 (Lai et al., , 2009 (Lai et al., , 2014 . In our previous work, we have proposed the general partial concordance-discordance (PCD) mixture model and its related likelihood ratio test of genomewide concordance or genome-wide discordance (Lai et al., 2007) . Then, based on this statistical framework, we have demonstrated how the concordant differential expression can be detected (Lai et al., 2009) . Also based on this framework, we have developed a method for analyzing concordant integrative gene set enrichment (Lai et al., 2014) . In this study, our goal is to develop a method for detecting concordantly differentially expressed genes and concordantly enriched gene sets from a relatively large number of two-sample expression datasets. As the parameter space increases exponentially with the number of datasets, we have developed some efficient approaches so that the parameter space can be reduced and it is still feasible to conduct concordant integrative analysis.
In this study, motivated by the well-known generalized estimating equations (GEEs) for longitudinal data analysis (Diggle et al., 2013) , we focus on the concordant components and assume that the proportions of non-concordant components follow a special structure. We discuss three approaches: exchangeable, multiset coefficient and autoregressive structures, and their related expectation-maximization (EM) algorithms (McLachlan and Krishnan, 2008) . Then, the parameter space is linear with the number of datasets. Through this model reduction strategy, we expect to achieve more efficient analysis results.
Materials and methods

Motivation and summary
Two-sample genome-wide expression microarray and sequencing data have been widely collected in biomedical studies. Differential expression analysis and gene set enrichment analysis (GSEA, or gene set analysis) have been widely conducted for these data. Furthermore, multiple two-sample genome-wide expression datasets have been collected for some similar or same study purposes. However, it is usually difficult to simply combine multiple datasets into one set and different datasets need to be analyzed separately. One interesting data exploration for multiple sets is to identify genes showing statistically significant changes that are concordant among multiple datasets. For example, we observe a gene showing a clearly positive change from one group to the other group, and we observe this for the same gene (and the same groups) among multiple datasets. Furthermore, gene sets (or pathways) can be defined and data exploration can be performed at the gene set level. With a given collection (a large number) of gene sets, it is also interesting to identify gene sets showing statistically significant coordinate changes that are concordant among multiple datasets. For example, in a given gene set, we observe many genes showing clearly positive changes from one group to the other group, and we observe this for the same gene set (and the same groups) among multiple datasets.
Based on the two-sample test z-scores (see Multiple datasets and z-scores for details), we have developed a mixture model based framework for exploring these concordant changes (see A general mixture model for details). As the number of datasets increases, it is necessary to reduce the number of parameters in the model (see Reduction of parameter space for details). Motivated by the well-known generalized estimating equations (GEEs) for longitudinal data analysis, we propose some model reduction approaches so that efficient analysis results can be achieved. The statistical significance can be evaluated based on the mixture model based false discovery rate (see Concordance scores and false discovery rate for details).
Multiple datasets and z-scores
For a concordant integrative analysis of multiple two-sample gene expression datasets, we have proposed a mixture model based on the z-scores (Lai et al., 2009 (Lai et al., , 2014 . Let G be the number of common genes across K datasets for a concordant integrative analysis. For the ith gene in the kth dataset, i ¼ 1; 2; . . . ; G and k ¼ 1; 2; . . . ; K, we perform a two-sample differential expression test and obtain the related upper-tailed P-value p ik . Then, the P-value is transformed to a z-score: z ik ¼ U À1 ð1 À p ik Þ, where UðÁÞ is the standard normal cumulative distribution function (c.d.f.).
(Notice that one-sided P-value is necessary so that the sign of a z-score is related to the direction of differential expression.) Then, we obtain a matrix of z-scores fz ik g for all the common genes across different datasets. (Notice that, as any appropriate two-sample test can be considered for differential expression analysis, this approach is generally applicable to large-scale expression data like microarray or RNA-seq data.)
A general mixture model
Genes may have different behaviors across different datasets. For simplicity, we have proposed three representative normal distribution components for each gene in the kth dataset: negative mean (for down-regulation) l k1 < 0 (to be estimated), zero mean (for no differential expression) l k2 ¼ 0 (fixed) and positive mean (for upregulation) l k3 > 0 (to be estimated). Notice that no differential expression is the null hypothesis for the two-sample test mentioned above. Since the P-values follow the uniform distribution U½0; 1 under the null hypothesis, the transformed z-scores follow the standard normal distribution. Therefore, the variance parameter for the second component is fixed as r 2 k2 ¼ 1. The other two variance parameters r 2 k1 and r 2 k3 are to be estimated. We assume that different datasets have been independently collected. For gene i, i ¼ 1; 2; . . . ; G, if we know its behavior in each dataset, then the probability of observing its z-scores is the product of z-score probabilities from individual datasets. Let p j1;j2;...;jK be the probability to choose component j 1 for the first dataset, j 2 for the second dataset, . . . , j K for the Kth dataset, j k ¼ 1; 2; 3; k ¼ 1; 2; . . . ; K.
(fp j1;j2;...;jK g are the mixture proportions.) Let / l;r 2 ðÁÞ be the normal probability density function (p.d.f.) with mean l and variance r 2 . We have proposed a partial-concordance-discordance (PCD) mixture model with the following probability density function:
The parameters can be estimated by the well-known expectationmaximization (EM) algorithm (McLachlan and Krishnan, 2008) , in which it is necessary to introduce the a set of unobserved indicator variables x ikj k ¼ 1 when z ik is sampled from the j k th component for the kth dataset and x ikj k ¼ 0 otherwise, for j k ¼ 1; 2; 3; k ¼ 1; 2; . . . ; K and i ¼ 1; 2; . . . ; G. In the algorithm, E-step and M-step are iterated until a numerical convergence is achieved. In this study, the numerical convergence is defined as that the difference between the current log-likelihood and the previous one is within a given tolerance value (e.g. 10 À6 ).
Reduction of parameter space
The number of distinct proportion parameters fp j1;j2;...;jK g is 3 K À 1 in the above PCD model. It increases exponentially when the number of datasets increases. For a concordant integrative analysis, we are more interested in the concordant components with j 1 ¼ j 2 ¼ Á Á Á ¼ j K for the proportion parameters. Therefore, motivated by the wellknown generalizing estimating equations (GEEs), we consider three special structures for the proportions of non-concordant components: exchangeable and multiset coefficient structures (also autoregressive structure in Appendix). Their details are described as follows.
Exchangeable structure
For the exchangeable structure, we assume that the proportion of nonconcordant components are the same, i.e. p j1;j2;...;jK ¼ a when j k ¼ 1; 2; 3 and j k 's are not all the same, k ¼ 1; 2; . . . ; K. Then, there are only three distinct proportion parameters and we have ð3 K À 3Þa þ P 3 j¼1 p j ¼ 1 where p j is the simplified notation for p j1;j2; ... ;jK with
Define the set A ¼ fðj 1 ; j 2 ; . . . ; j K Þ : j k ¼ 1; 2; 3; j k 's are not all the same; k ¼ 1; 2; . . . ; Kg. Then, the probability density function is
We can derive the related expectation-maximization (EM) algorithm. The E-step is the calculation of expected values. When fj k g's are all the same as j, we have
when fj k g's are not all the same, we have
The M-step is the parameter estimation and we have ; ;
Multiset coefficient structure
For the set A defined above, we divide it into several groups. In each group, the numbers of distinct values for fj k g are exactly the same. (For example, (1,2,1) and (1,1,2) are in the same group when K ¼ 3.) Let d h be the number of occurrences of component h. The possible values for d h are 0; 1; . . . ; K. Then, the number of groups is equal to the number of non-negative integer solutions to the equation
(when all j k 's are identical). This is equivalent to the classic problem of combinations with repetition. The number of groups is
is called the multiset coefficient in combinatorics. We use fA t g to denote these groups, where
Let r t be the number of elements in group A t and d th be the number of repetition of component h in A t . Then, r t is the number of ways to choose the first component d t1 times, the second component d t2 times, and the third component
For all non-concordant components in A t , we assume that the related proportions are the same, i.e. p j1;j2;...;jK ¼ a t when ðj 1 ; j 2 ; . . . ; j K Þ 2 A t . Notice that
Then, with fp j g defined above, the probability density function is
The E-step for this model is as follows. When fj k g's are all the same as j, we have
when ðj 1 ;j 2 ;...;j K Þ 2 A t , we have
For the M-step, we have 
Concordance scores and false discovery rate
It is biologically interesting if a gene is showing a concordant behavior across different datasets. In the mixture model, this is related to the component ð1; 1; . . . ; 1Þ for down-regulation or ð3; 3; . . . ; 3Þ for up-regulation. Then, for the ith gene X i , the concordant differential expression score (CS) can be defined by the following mixturemodel-based conditional probability:
It is also biologically interesting if a gene set or pathway is showing an overall concordant gene set enrichment. It has been discussed that concordant gene set enrichment can be measured by a probability, which is for the number of genes with concordant differential expression larger than the expected value (Lai et al., 2014) . The mixture-model-based concordant gene set enrichment score (CES) for a gene set S with m S genes fX S1 ; X S2 ; . . . ; X Sm S g is give as below.
where U Si is an indicator that the gene X Si is showing a concordant differential expression (h ¼ p 1 for down-regulation and h ¼ p 3 for up-regulation). However, it has been shown that the exact calculation of CES is related to the heterogeneous Bernoulli process (Lai et al., 2014) . The related computation is usually not practically feasible and a Monte Carlo approximation for CES of a gene set S has been suggested (Lai et al., 2014) . The following is a brief description: (i) Initial W ¼ 0.
(ii) For the ith gene in S, simulate a Bernoulli random variable with probability of event equal to the mixturemodel-based conditional probability of this gene being concordantly differentially expressed. (iii) Count the number of events from all genes in S and increase W by one if the count is larger than the expected value (m S p 1 for down-regulation or m S p 3 for up-regulation).
(iv) Repeat steps ii and iii B times and then W/B is the approximated CES. B ¼ 2000 has been suggested (Lai et al., 2014) . The relationship between the false discovery rate (FDR) and mixture models have been discussed in the literature (Lai et al., 2014; Mclachlan et al., 2006) . The above concordance score is a conditional probability as well as a true positive proportion. Therefore, if top T genes fX 1 ; X 2 ; . . . ; X T g (ranked by their concordant differential expression scores) are identified, then the related FDR can be calculated as 1 À P T t¼1 CS Xt =T. Similarly, if top T gene sets or pathways fS 1 ; S 2 ; . . . ; S T g (ranked by their concordant gene set enrichment scores) are identified, then the related FDR can be calculated as 1 À P T t¼1 CES St =T.
Results
Three lung cancer study datasets
To illustrate our reduced mixture model based approach to the concordant integrative analysis of multiple large-scale two-sample expression datasets, we consider three published experimental microarray gene expression datasets for studying lung cancer (Beer et al., 2002; Bhattacharjee et al., 2001; Garber et al., 2001) . One dataset with 62 subjects was collected by a group of scientists in Boston, one dataset with 86 subjects was collected by a group of scientists in Michigan and one dataset with 24 subjects was collected by a group of scientists in Stanford. Subjects were classified as either 'good' or 'poor' outcomes (two-sample groups). 2865 genes were in common among these three datasets.
In our previous study, we have applied the general mixture model to these three datasets and we have observed interesting detections of biological pathways. In this study, since we have no prior knowledge about non-concordant gene behaviors, we consider the simple exchangeable structure for model reduction. Furthermore, the number of z-scores has been clearly reduced to 2865 as common genes are required among these three datasets. Compared to the multiset coefficient structure, the number of parameters is relatively small for the exchangeable structure.
Based on the false discovery rate (FDR), we compare the number of identified gene sets (concordantly enriched) based on the reduced mixture model versus the number of identified gene sets based on the general mixture model. Furthermore, we also compare the number of identified genes (concordantly differentially expressed) based on the reduced mixture model versus the number of identified genes based on the general mixture model. Figure 1 shows the pairwise comparison of z-scores. Overall, the pairwise comparison patterns from three pairs of datasets are all visually similar as a concordant pattern. We have developed a related statistical test for this purpose. The test considers the general PCD model as the alternative hypothesis and the reduced complete concordance model as the null hypothesis (Lai et al., 2007) . As we have explained in our previous paper (Lai et al., 2007) , it is more appropriate to use this genome-wide concordance test instead of the traditional Pearson correlation. The P-values can be computed by the parametric bootstrap procedure (McLachlan and Krishnan, 2008) . All three P-values (for three possible pairs from the three lung cancer study datasets) were not significant (i.e. > 0.05). This implies an overall genome-wide concordance among these datasets (Fig. 1) . Therefore, it is appropriate to use the exchangeable structure for our model reduction. Among 2865 common genes, there are 39 in the well-known KEGG apoptosis pathway. For an illustration of concordant gene set enrichment, we highlight these genes in the figure. Among these 39 genes, twelve genes are showing negative z-scores among all three datasets. (Notice that the number of positive/negative combinations from three datasets is 2 Â 2 Â 2 ¼ 8.) Although our concordant gene set enrichment analysis is based a more complicated mixture model, this relatively high proportion (12=39 > 30%) clearly demonstrates why this pathway is concordantly enriched in down-regulation.
z-scores
Concordantly enriched gene sets
We use the gene set information in the Molecular Signatures Database (Mootha et al., 2003; Subramanian et al., 2005) . Figures 2  and 3 show the curves based on the false discovery rate (FDR) versus the number of identified gene sets. (A lower curve means that the related method is better.) For either up-regulation or downregulation, the curve based on the reduced mixture model is always lower than the curve based on the general mixture model. Overall, the concordant gene set enrichment scores based on the general mixture model and these scores based on the reduced mixture model are still highly consistent. For 1320 C2 collection gene sets, the Spearman correlation is 91.4% for the up-regulation based score and the Spearman correlation is 91.5% for the downregulation based score. For 186 KEGG pathways, the Spearman correlation is 92.0% for the up-regulation based score and the Spearman correlation is 93.7% for the down-regulation based score.
Regarding this application, we can also conduct a likelihood ratio test between the general PCD mixture model (alternative hypothesis) and the reduced mixture model (null hypothesis). The null hypothesis was not rejected (P-value > 0.05) for this application, which supported the choice of exchangeable structure. Furthermore, the difference between two curves is also visibly clear in Figure 2b (notice that Fig. 3 is based on the KEGG collection of 186 pathways, which is a subset of 1320 C2 collection for Fig. 2 ). Moreover, from either Figure 4a or b, the difference between two curves is also clear. Figure 4 shows the curves based on the false discovery rate (FDR) versus the number of identified genes. (A lower curve means that the related method is better.) Again, for either up-regulation or downregulation, the curve based on the reduced mixture model is always lower than the curve based on the general mixture model. Among 2865 commons genes among three datasets, at 5% FDR, for upregulation, almost one hundred genes can be identified by the reduced mixture model but less than twenty genes can be identified by the general mixture model; for down-regulation, more than one hundred genes can be identified by the reduced mixture model but still only about ten genes can be identified by the general mixture model. Therefore, these comparison results also clearly support the use of exchangeable structure as an efficient model reduction strategy.
Concordantly differentially expressed genes
Overall, the concordant differential expression scores based on the general mixture model and these scores based on the reduced mixture model are also highly consistent. For 2865 common genes among three datasets, the Spearman correlation is 96.3% for the upregulation based score and the Spearman correlation is 92.9% for the down-regulation based score.
Among the identified genes with significant concordant differential expression (at 5% FDR), all the genes identified by the general mixture model can be identified by the reduced mixture model although their ranks are different by different models (for both up-regulated and down-regulated differential expression, see Supplementary File for details). Among genes additionally identified by the reduced mixture model, there are genes ARHE (or RND3, rank #5), KRT19 (rank # 8), etc. for significant up-regulated differential expression and genes IL16 (rank # 3), LSP1 (rank # 4), etc. for significant down-regulated differential expression. It has been reported in the biomedical literature that genes ARHE/RND3 (Paysan et al., 2016) , KRT19 (Ohtsuka et al., 2016) , IL16 (Tang et al., 2014) and LSP1 (Park et al., 2014) are directly or indirectly associated with lung cancers.
Stability and reproducibility
We also conducted a comprehensive perturbation analysis so that the stability of analysis results by the reduced mixture model can be investigated. We first removed one subject (array) randomly from each dataset (there are 62 Â 86 Â 24 possible combinations from three datasets); we then recalculated the concordant differential expression scores (CS, for 2865 genes) and concordant gene set enrichment scores (CES, for 186 KEGG pathways). Both Pearson and Spearman correlations were calculated between the CS/CES scores based on the slightly reduced data and the CS/CES scores based on the original data. After 1000 random repetitions, we summarized the related (2.5%, 25%, 50%, 75%, 97.5%) quantiles. For CS scores on downregulation, the quantiles for Pearson and Spearman correlations were Furthermore, we conducted a comprehensive subset sampling analysis so that the reproducibility of analysis results by the reduced mixture model can be investigated, especially when the sample size is relatively small for each dataset. We first selected ten subjects (arrays) randomly from each sample group in each dataset (10 þ 10 for each dataset); we then recalculated the concordant differential expression scores (CS, for 2865 genes) and concordant gene set enrichment scores (CES, for 186 KEGG pathways). Both Pearson and Spearman correlations were calculated between the CS/CES scores based on the small sampled data and the CS/CES scores based on the original data. After 1000 random repetitions, we summarized the related (2.5%, 25%, 50%, 75%, 97.5%) quantiles. For CS scores on down-regulation, the quantiles for Pearson and Spearman correlations were (0.397, 0.591, 0.645, 0.678, 0.714) and (0.438, 0.632, 0.682, 0.709, 0.736), respectively; for CS scores on upregulation, the quantiles for Pearson and Spearman correlations were (0.325, 0.467, 0.558, 0.638, 0.698) and (0.451, 0.580, 0.648, 0.690, 0.720) , respectively. For CES scores on down-regulation, the quantiles for Pearson and Spearman correlations were (0.312, 0.598, 0.713, 0.777, 0.832) and (0.288, 0.615, 0.733, 0.795, 0.848) , respectively; for CES scores on up-regulation, the quantiles for Pearson and Spearman correlations were (0.189, 0.476, 0.641, 0.750, 0.833) and (0.221, 0.512, 0.672, 0.777, 0.854) , respectively. Overall, a considerable consistency between the results based on the small sampled data and the results based on the original data was still observed for both CS and CES scores (although the noise level of early microarray data was relatively high). 
The cancer genome atlas datasets
For a further illustration of our reduced mixture model, we applied the model with multiset coefficient structure to the RNA sequencing (RNA-seq) data collected by The Cancer Genome Atlas (TCGA) project (The Cancer Genome Atlas Network, 2008). We select the data for colon adenocarcinoma (COAD) and stomach adenocarcinoma (STAD). COAD and STAD are both gastrointestinal (GI) carcinoid tumors. Therefore, we expect a considerable level of similarity in genome-wide expression profiles between these two types of cancer. For these two RNA-seq datasets, we checked the numbers of subjects from different centers. At the time of study, there were four centers (two combined) with adequate numbers of normal/tumor subjects for COAD, and there were five centers (two combined) with adequate numbers of normal/tumor subjects for STAD. Therefore, we illustrate our method with these seven subsets (it is necessary to reduce the number of model parameters). Furthermore, there are more than 20 000 common genes. It is appropriate to consider more complicated multiset coefficient structure (instead of simple exchangeable structure). After downloading TCGA RNA-seq data, we specifically removed the tumor samples from their adjacent normal samples to avoid the related dependence issue. At the time of study, for COAD study, the numbers of normal and tumor samples are 14 and 27 from the 'A6' center, 20 and 13 from the 'AA' center and 7 and 28 from the centers 'AZ' and 'F4,' respectively. For the STAD study, the numbers of normal and tumor samples are 12 and 118 from the 'BR' center, 8 and 26 from the 'HU' center, 7 and 32 from the 'CG' center and 7 and 22 from the centers 'FP' and 'IN,' respectively. (Please check the online references/manuals for the related TCGA details.) There are 20,531 common genes available for our study.
Gene set analysis based Fisher's method
The gene set analysis (GSA) method was proposed by Efron and Tibshirani (2007) for analyzing enrichment in pathways (or gene sets). Maciejewski (2014) recommended this method as a preferred one in gene set enrichment analysis. For each subset, we calculated the P-value of enrichment in up-regulation for each gene set. Then, we use Fisher's method (or Fisher's combined probability test) to integrate the P-values from multiple datasets (for the same gene set). In summary, we summed up log-transformed P-values and then multiplied the sum by À2. It is well-known to follow a chi-squared distribution under the null hypotheses. Then, an integrative gene set enrichment analysis of multiple datasets was performed. (Notice that, using GSA, we also calculated the P-value of enrichment in down-regulation for each gene set and each dataset. The related chi-squared P-values were then calculated by Fisher's method.) It is important to emphasize that our analysis purpose is to identify concordance enrichment among multiple datasets. However, this feature is usually not incorporated in a traditional integrative analysis (like Fisher's method).
Comparison based on cancer related pathways
Among KEGG pathways, there are sixteen cancer related pathways. Fourteen of them can be downloaded from the Molecular Signatures Database (Mootha et al., 2003; Subramanian et al., 2005) . Table 1 shows the comparison of our concordant gene set enrichment score (CES, up-regulation or down-regulation) to the P-values calculated by GSA-based Fisher's method (up-regulation or down-regulation). (Notice that, lower P-value means more significant result but higher CES means more significant result.) The p53 signaling pathway and cell cycle pathway are the two pathways identified by both methods. With the consideration of either Bonferroni-type adjustment or FDRtype adjustment of P-values, there is no further clear detection from GSA-based Fisher's method. For example, at 5% level, the simple Bonferroni corrected P-value threshold is about 0:05=14 % 0:0036 (when up-regulation and down-regulation are considered separately). Only the p53 signaling and cell cycle pathways show their P-values less than this threshold. A similar probability threshold for CES is 1 À0:0036 % 0:996 (the larger more significant for CES). For downregulation, our method still clearly identified a few more pathways with concordance enrichment like the focal adhesion, adherens junction, MAPK signaling and PPAR signaling pathways (Table 1) .
Discussion
In this study, based on our previously proposed general mixture model, we discussed three model reduction approaches to an efficient concordant integrative analysis of multiple large-scale two-sample expression datasets. When the number of datasets increases, due to the combination of differential expression components from different datasets, the parameter space of the general mixture model increases exponentially. Motivated by the well-known generalized estimating equations (GEEs) for longitudinal data analysis, we focused on the concordant components and assumed that the proportions of non-concordant components follow a special structure. Then, the parameter space is linear with the number of datasets. We discussed the exchangeable, multiset coefficient and autoregressive structures (see Appendix), and their related expectation-maximization (EM) algorithms.
Exchangeable structure means that different discordant behaviors are proportionally equally considered in our mixture model. Multiset coefficient structure means that discordant behaviors with the same pattern are proportionally equally considered in our mixture model. (For example, [down,null,up] , [null,down,up] , [down,up,null] , etc. share the same combination pattern: one null, one down and one up.)
For three lung cancer study datasets, we checked the genome-wide concordance pair-wisely. Based on the parametric bootstrap procedure suggested by McLachlan and Krishnan (2008) , the likelihood ratio test P-values were all insignificant (i.e. > 0.05), which implies an overall genome-wide concordance among these datasets. Therefore, we may not need to worry much about possible discordant behaviors. With the introduction of one a parameter in the exchangeable structure, discordant behaviors are considered in our mixture model.
For TCGA data, we studied two different disease types (COAD and STAD) in several different centers. This implies a considerable amount of discordant behaviors. Then, the exchangeable structure may be too simple to be considered in this situation. With the introduction of more a t parameters in the multiset coefficient structure, we expect to achieve a reasonable consideration of discordant behaviors in our mixture model.
Since we focus on the concordant component in our model reduction strategy, we expect to achieve more efficient concordant integrative analysis results. In our previous study, we applied the general mixture model to three microarray datasets for lung cancer studies. Using the updated collection of gene sets from the Molecular Signatures Database, by comparing the FDR curves, we showed that more pathways (or gene sets) and also more genes were detected by the reduced mixture model with the exchangeable structure.
Our mixture models are based on the transformed differential expression test P-values (z-scores). Although we have illustrated our methods with three early microarray gene expression datasets, they can also be applied directly to the recent gene-level RNA-seq data. We further demonstrated the advantage of incorporating the concordance feature through a comparison study based on The Cancer Genome Atlas (TCGA) RNA sequencing (RNA-seq) data. (For the analysis of exon-level RNA-seq data, many genes have isoforms and this must be considered in the analysis. Therefore, for our future research, we are interested in extending our current methods to this more complicated analysis scenario.)
The motivation of this study is to make the concordant integrative analysis feasible for many datasets. As explained in the manuscript, the parameter space increases exponentially with the number of datasets. Therefore, even many genome-wide expression datasets are available; it may not be feasible for us to conduct a concordant integrative analysis due to the computation and estimation limitations. In this study, we demonstrated two reduced models. Each one can be used in a concordant integrative analysis of many genomewide expression datasets.
The first application was based on three datasets. Then, it is feasible to compare the analysis results from the general model to the reduced model with exchangeable structure. Due to space limitation, we could not include the descriptions of genes and gene sets identified by different models. However, we have provided a Supplementary File for the lists of gene and gene sets (with false discovery rates included).
The second application was based on seven datasets. It is not feasible to use the general model due to the large parameter space. We considered the reduced model with multiset coefficient structure. Due to space limitation, we focused on 14 KEGG pathways and compared our results with the results from the GSA-Fisher method.
In practice, if there is a clear overall genome-wide concordance among multiple datasets, then the impact of the different discordant behaviors may not be strong (see our first application study for an example). In this situation, the reduced mixture model with exchangeable structure can be considered. However, if there is a considerable amount of discordant behaviors, then the reduced mixture model with multiset coefficient structure can be considered so that different discordant behaviors can be accommodated (see our second application study for an example). Compared to the simple exchangeable structure, more proportion parameters are considered in the multiset coefficient structure. If less proportion parameters are preferred (e.g. when G is not relatively large) and the autoregressive pattern can be considered, then the reduced mixture model with autoregressive structure can be used.
There are many genome-wide expression studies with multiple sample groups. We consider the following two situations. The first situation is that, among multiple sample groups, there is a common reference group and each of the other groups can be compared to it.
Then, we will have multiple dependent z-scores for each gene in each dataset. Instead of univariate normal distributions described in our mixture models for two-sample data, multivariate normal distributions can be used in this situation for the consideration of the dependence among different z-scores (for each gene in each dataset with multiple sample groups). When multiple datasets are integrated, the set of proportion parameters will be expanded to accommodate this situation in our mixture models. The second situation is that, among multiple sample groups, there is an increasing or decreasing order and these groups can be listed sequentially. Then, in this situation, we can consider an (increasing/ decreasing) order restricted test to generate a single z-score for each gene in each dataset. Our mixture models can still be applied in this situation. 
